Abstract Switchgrass (Panicum virgatum L.) biomass yield and feedstock quality improvement are priority research areas for bioenergy feedstock development. Identification of quantitative trait loci (QTL) underlying these traits and of traitlinked markers for application in marker-assisted selection (MAS) is of paramount importance in facilitating switchgrass breeding. Detection of QTL for biomass yield and plant height was conducted on parental linkage maps constructed using a heterozygous pseudo-F 1 population derived from a cross between lowland Alamo genotype AP13 and upland Summer genotype VS16. QTL analysis was performed with composite interval mapping. Four QTL for biomass yield and five QTL for plant height were identified using best linear unbiased predictors across ten and eight environments, respectively. The phenotypic variability explained (PVE) by QTL detected in the across environments analysis ranged from 4.9 to 12.4 % for biomass yield and 5.1 to 12.0 % for plant height. A total of 34 and 38 main effect QTL were detected for biomass yield and plant height, respectively, when data from each environment were analyzed separately. The PVE by individual environment QTL ranged from 3.3 to 15.3 % for biomass yield and from 4.3 to 17.4 % for plant height. In addition, 60 and 51 epistatic QTL were detected for biomass yield and plant height, respectively. Significant QTL by environment interactions were detected for QTL mapped in eight genomic regions for each of the two traits. Seven QTL affected both traits and may represent pleiotropic loci. Overall, 11 genomic regions were identified that were important in controlling biomass yield and/or plant height in switchgrass. The markers linked to the main effect and epistatic QTL may be used in MAS to maximize selection gain in switchgrass breeding, leading to a faster development of better biofuel cultivars.
Introduction
A renewable, low-carbon transportation fuel could mitigate global climate change that is exacerbated by the burning of fossil fuels [1] by supplementing oil supplies [2] and meeting increased energy demand resulting from global population growth and economic development [3] . Sustainable nextgeneration (lignocellulose-based) feedstocks could supplement or replace current grain-based ethanol production [4] or could be directly burned to produce electricity. Switchgrass (Panicum virgatum L.) is a warm season C4 perennial grass native to the North American tall grass prairie [5] that has been identified as a promising feedstock for bioenergy production. Increased energy yield per unit area of switchgrass will improve its utility as a dedicated bioenergy crop [6] ; therefore, biomass yield is an important trait in switchgrass breeding. Yield is a complex trait, the result of numerous mostly quantitatively inherited traits, and is greatly affected by the environment [7] .
Biomass yield improvements through breeding have been made in switchgrass [8] [9] [10] [11] . The primary limitation of conventional plant breeding methods is the length of a selection cycle, which typically requires several years for perennials such as switchgrass in order to assess persistence in the field. Genetic markers offer an appealing alternative selection method. If markers linked to quantitative trait loci (QTL) for key traits were identified, selection for these loci could be done on seedlings and hence at a much earlier stage than selection based on phenotypic evaluations in the field. The use of markers could potentially accelerate genetic gains and lead to the faster development of better biofuel cultivars.
Switchgrass germplasm can be divided into upland and lowland ecotypes, although several subpopulations are present within each of these groups [12] . When the two ecotypes have the same ploidy level, they are interfertile and produce viable progeny. We have previously constructed a genetic map using a biparental population developed by crossing tetraploid genotypes derived from the two ecotypes [13] . Because switchgrass is an allogamous species, individual plants are heterozygous at many loci, and consequently, a pseudo-F 1 population derived from a biparental cross is segregating for the traits of our interest and can be mapped directly; a limitation of this method is that recombination within each ecotype is mapped, rather than recombination events between the ecotypes. In this experiment, we used the pseudo-F 1 mapping population to identify markers linked to QTL associated with biomass yield and plant height that could be used in marker-assisted selection (MAS) and to estimate QTL effects and interactions.
Materials and Methods

Parental Genotypes and the Mapping Population
A pseudo-F 1 mapping population was developed by crossing two heterozygous parents, 'AP13' and 'VS16', as described by Missaoui et al. [11] and Serba et al. [13] . AP13, the female parent, was a selection from the lowland cultivar 'Alamo'. VS16, the male parent, was a selection from the upland cultivar 'Summer'. AP13 is taller and higher yielding than VS16. A total of 188 full-sib progeny was used for mapping. Each genotype was clonally propagated for multilocationreplicated field evaluations. . Broadleaf herbicide (2,4-D) was applied as needed. Interplant cultivation in Oklahoma was practiced during the first 2 years after establishment using a Multivator (Model FPSREs .50) (www.rmwade.com). After 2 years, the plants expanded and interplant space became too narrow for cultivation.
Phenotypic data were collected from 2008 to 2011 at Ardmore and from 2009 to 2011 at Burneyville. At Watkinsville, biomass yield data were collected from 2009 to 2011, while plant height was measured only in 2009. Plant height was measured before harvest from the base of the plant to the top of the panicle and recorded in centimeters (cm). Biomass was harvested after senescence either by hand or using a customized silage chopper (John Deere Forage Harvester C1200). The harvested biomass of each plant was collected in a bucket and weighed in kilograms. At Ardmore and Burneyville, fresh biomass yield data were used for QTL analysis. The QTL analysis for biomass from Watkinsville was based on dry biomass yield obtained after oven-drying of the samples for 72 h at 45°C.
Phenotypic Data Analysis
Phenotypic data were analyzed using the SAS 9.3 ® statistical program (SAS Institute, Cary, NC). Normality for each of the traits was determined using the univariate procedure. An overall mixed model analysis of variance was conducted considering replication within location, year, year×location, genotype, year×genotype, location×genotype, and year×lo-cation×genotype as random effects and location as a fixed effect. Because of a significant genotype×environment interaction (G×E), we generated best linear unbiased predictors (BLUP) [15] for across environments data. To generate the BLUP, years, locations, replications, and their interactions were considered fixed effects [16] . An analysis of variance for each individual environment (a location-year combination) was also conducted to generate least square means for genotypes in each environment. Correlation of plant height and biomass yield was assessed using the BLUP for the traits. Statistical significance was assessed at the 5 % probability level unless indicated otherwise.
Linkage Map and QTL Analysis
The previously constructed linkage maps in this population using simple sequence repeat (SSR), sequence-tagged site (STS), and Diversity Array Technology (DarT) markers [13] were used for the QTL analysis. Before QTL analysis, markers that cosegregated were reduced to a single marker by retaining the marker with the least missing data or, if multiple cosegregating markers had the same number of data points, by randomly selecting one of the cosegregating markers. The linkage groups (LGs) were designated I to IX followed by "a" or "b" to arbitrarily represent the two subgenomes of switchgrass and "f" or "m" referring to the female and male map, respectively. The female map represents recombination events that took place within the heterozygous lowland AP13 parent, and the male map represents recombination events that took place within the heterozygous upland VS16 parent.
The QTL analysis was conducted using WinQTL Cartographer version 2.5 [17] . Since the G×E interaction was significant, least square means of individual genotypes in each environment and BLUP generated across all environments were used as phenotypic data. Initially, marker-trait associations were tested using a single marker analysis [18] . Simple interval mapping [19] was performed using the single QTL model and the expectation maximization (EM) algorithm. QTL were then confirmed by composite interval mapping (CIM) using the following model [20] :
where y i is the trait phenotypic value of genotype i; μ is the across environments mean; B is a column vector for the effects of a putative QTL where only the additive effect is estimated in a backcross (when the marker is present it shows a positive sign, when absent a negative sign); Z i is a row vector of predictor variables corresponding to the effects of the putative QTL; X ir is a row vector of predictor variables corresponding to the rth cofactor marker; β r is a column vector with the coefficient of the rth cofactor marker; and ε is the random error that is assumed to follow a normal distribution with mean zero and variance σ 2 .
The CIM was performed with a forward and backward stepwise regression at a threshold of p<0.05 for cofactor selection, a window size of 10, and a 1.0 cM walking speed along the LG. QTL with a logarithm of odds (LOD) score of 2.5 and above were reported as QTL, while the genome-wide threshold of significance (p<0.05) determined with 1,000 times permutation analysis ranged from LOD score 3.1 to 3.9.
Inclusive composite interval mapping (ICIM) of digenic epistasis [21] was conducted to estimate the effect of a putative QTL using estimated positions of other QTL as a covariate and to model interaction (epistasis) effects. QTL×envi-ronment interaction (Q×E) and epistatic QTL analyses were performed using the ICIM software [21, 22] . The Q×E analysis was conducted using the QTL IciMapping algorithm for multi-environment trials (MET) [17] . The following model was implemented to illustrate the theoretical basis for mapping epistasis in ICIM:
where all variables are as above except the following: b j is the partial regression coefficient of the phenotype on the jth marker variable; x ij is a dummy variable for the genotype of the ith individual at the jth marker; b jk is the partial regression coefficient of the phenotype on the multiplication variable of the jth and kth markers; and x ij and x ik are the epistatic effect between QTL pair j and k, taking value 1 for homozygote marker types, and −1 for heterozygotes.
QTL designations were made using abbreviations for the trait (by = biomass yield and, ph = plant height), the linkage group name (in Arabic numerals), followed by year and location (A = Ardmore, B = Burneyville, W = Watkinsville) at which the QTL was mapped; when more than one QTL was detected on a LG, a serial number suffix was added. QTL detected with the across environments BLUP were denoted with a "BLUP" suffix instead of year and location.
Results and Discussion
Phenotypic Performance and Variations
The across environments analysis of variance indicated significant differences among years (Y), locations (L), and genotypes (G) ( Table 1 ). In addition, Y×L and L×G interactions were significant for biomass yield, while Y×L, Y×G, L×G, and Y×L×G interactions were significant for plant height. The two parents differed considerably for biomass yield and plant height (Table 2) , with AP13, a lowland genotype, being taller and higher yielding than VS16 which was selected from an upland ecotype.
Biomass yield of the population was normally distributed in most of the environments ( Fig. 1) and varied from 0.01 to 6.79 kg plant −1 with a mean of 0.89 kg plant −1 across environments ( Table 2 ). Significant biomass yield differences by location (L), cultivar (C), year (Y), Y×L, and C×Y×L were yield variations among half-sib families of different background with significant family-by-year and family-by-block interactions were also reported in switchgrass [25] . The significant genotype, location, year, Y×L, and L×G effects that we observed in the AP13×VS16 full-sib pseudo-F 1 population for biomass yield are in agreement with the previous reports. Our data also demonstrate the considerable influence of the environment on biomass production in switchgrass. Differences among years and among locations for plant height were observed. In general, plants were shorter in 2011 due to drought conditions in Oklahoma. However, the reduction in plant height did not lead to a yield reduction in Burneyville probably because late rainfall enabled the plants to produce more tillers. Plant height was distributed normally in the population in all the test environments (Fig. 2) . Genotypic variation for plant height was present in the population, with the height of the AP13×VS16 progeny ranging from 34 to 285 cm with a mean of 161 cm. Most of the progeny had phenotypic values between the two parents although some transgressive segregation was observed in the population. Plant height exhibits wide variability in switchgrass populations and is considered a main contributing trait for biomass yield improvement [8] . Contrasting variation in plant height was reported for upland and lowland switchgrass varieties grown in different locations in the Mediterranean region [26] implying the influence of environment on the trait.
Biomass yield and plant height were positively correlated (r=0.45, p<0.01) across all environments. A simple linear regression of the mean biomass yield on plant height showed that a unit (1 cm) increase in plant height increased biomass yield by 0.01 kg plant −1 (Fig. 3) . The coefficient of determination (r 2 =0.195) indicated that about 20 % of biomass variation is accounted for by plant height alone. Plant height is among the most important biomass yield components in energy grasses [27] and was found to be a good predictor of maize (Zea mays L.) biomass yield in different environments [28] . As compared to switchgrass height which was measured per plant, maize height in the above case was averaged per plot at commercial planting density. Consequently, the correlation of plant height with biomass yield may be lower in space-planted switchgrass than might be expected under commercial density in maize.
QTL for Biomass Yield
The female (lowland) and male (upland) maps used for the QTL analysis had 18 and 17 LGs, respectively [13] . After removal of cosegregating loci, the female map contained 393 loci and the male map contained 288 loci. QTL for biomass yield were detected on LGs VIa-f, IXb-f, IIIa-m, and IXb-m across all environments analysis using BLUP (Table 3 ; Fig. 4 ). Corresponding QTL were also detected in multiple individual environments using a least square means analysis (Table 3 ; , respectively. Across single environments, QTL for biomass yield were mapped on 11 of the 18 female LGs and 10 of the 17 male LGs and were found in all nine homoeology groups (HGs). Using the least square means of individual environments, 34 main effect QTL were mapped for biomass yield over ten environments (Table 3) . Twenty-one of the individual environment QTL for biomass yield were detected in the female map and 13 were detected in the male map. In addition, 9 and 13 QTL with LOD threshold between 1.4 and 2.4 were detected, respectively, in the female and male maps, mostly in genomic regions that carried QTL in other environments (Table 3 ). These QTL with lower LOD score indicate genomic regions associated with biomass yield.
The additive effects of the biomass yield QTL mapped in individual environments ranged from −0.29 to 0.21 kg plant , respectively. The biomass QTL detected on
LGs IIb-f, VIa-f, IXa-f, IXb-f, IIIa-m, and IXb-m were consistent across two or more environments with slight shifts in position mainly due to significant Q×E interactions (Table 3 ; Fig. 4 ). QTL on IVb-m and VIa-f had less interaction with the environments. In addition to the main effect QTL, 60 additive×additive epistatic QTL (excluding the main effect) were also detected for biomass yield (LOD score ≥5.0) (Supplementary Table 1 ). The additive×additive epistatic QTL effects were ranging from −0.17 to 0.18 kg plant −1 . Biomass QTL mapping has been conducted in several crops with the purpose of identifying genomic regions and genetic loci underlying bioenergy feedstock yield in populus (Populus tremula L.) [29, 30] , poplar (Liriodendron tulipifera L.) [31] , and maize [32] ; forage yield in inter-subspecific hybrid populations of tetraploid alfalfa (Medicago sativa L.) [33, 34] , doubled haploid population of rice (Oryza sativa L.) derived from an inter-subspecific cross [35] , and in perennial ryegrass (Lolium perenne L.) inbred derived F 2 population [36] ; or sugar yield in sugarcane (Saccharum officinarum L.) [37] [38] [39] . These previous studies in different species and population types reported the prevalence of additive main effects, digenic epistasis, QTL by environment interactions, multiple minor effects, QTL distributed over several genomic regions, and both parents contributing favorable and unfavorable alleles irrespective of their biomass yield potential. 
QTL for Plant Height
A total of five QTL were identified using BLUP data across all environments, two of which were mapped on female LGs and three on male LGs (Table 4 . All five QTL were also detected in one or more individual environments. It is presumed that the QTL detected in both individual environments (least square analysis per environment) and across environments (BLUP analysis across environments) are consistent QTL that may be expressed irrespective of any environmental effect [40, 41] .
In the individual environment analysis, a total of 38 main effect QTL were detected for plant height in eight environments at LOD scores 2.5 and above (Table 4) . Fifteen of these were detected in the female map and 23 were detected in the male map. An additional seven QTL were detected for plant height at LOD scores between 2.0 and 2.5 in genomic regions of both maps mostly where QTL were detected in other environments (Table 4) . These low LOD score QTL indicate genomic regions influencing plant height in switchgrass. The PVE for individual plant height QTL ranged from 4.3 to 17.4 %. Most of the height QTL explained less than 10 % of the phenotypic variation, except ph1b-f.09A, ph4a-m.09A, and ph4a-m.11B which explained 17.4, 13.7, and 12.0 %, respectively.
Out of the 18 plant height QTL (including QTL with LOD <2.5) that mapped to the female map, 13 had positive additive effects ranging from 4.0 to 8.0 cm plant −1
. Ph1b-f.09A and ph1b-f.09B had the highest positive additive effects of 8.0 cm plant −1 each. The remaining five had negative effects ranging from −4.8 to −7.1 cm plant −1 (Table 3) .
Eight of the QTL detected on the male map (including QTL with LOD<2.5) had positive additive effects ranging from 4.1 to 6.8 cm plant −1
. Nineteen QTL had negative effects on plant height ranging from −3.9 to −8.2 cm plant −1 . The QTL mapped on Ib-f and IVa-m were consistently identified across multiple environments and had positive and negative effects, respectively, on the trait (Fig. 5) . It was reported that four out of five QTL detected for plant height in Miscanthus sinensis Andersson had negative effects on the trait [42] . These negative additive effects probably imply the presence of dwarfing genes as reported in sorghum (Sorghum bicolor L.) where four dwarfing genes [43] and an epistatic dwarfing QTL (sb-HT9.1) were mapped [44] . In a pseudo-F 1 population, height loci that segregate within lowland switchgrass (heterozygous in the AP13 parent) and loci that segregate within upland switchgrass (heterozygous in the VS16 parent) are mapped. However, height loci that vary between lowland (AP13) and upland (VS16) switchgrass are fixed within an ecotype and do not segregate in this type of population. Therefore, QTL with The QTL name designation starts with the trait abbreviation (by biomass yield), followed by linkage group number (1 to 9), subgenome designation ("a" or "b"), parental origin of LG (f female and m male), last two digits of year in which phenotyping was conducted (08 to 11) and ends with the location abbreviation (A Ardmore, OK; B Burneyville, OK; and W Watkinsville, GA The scale on the left indicates the map position of the markers and the length of each LG in centimorgan. The QTL name designation starts with the trait abbreviation (by biomass yield, ph plant height), followed by linkage group number (1 to 9), arbitrary subgenome designation ("a" or "b"), parental origin of LG (f female and m male parent), last two digits of year in which phenotyping was conducted (08 to 11), and ends with a location abbreviation (A Ardmore, OK; B Burneyville, OK; and W Watkinsville, GA). For the QTL detected with the BLUP data, the suffix BLUP was used instead of year and location. The whisker on one or both ends of the QTL chart indicates LOD scores ≥1.0 but less than 2.5 both positive and negative effects are expected in both the female (lowland) and male (upland) maps irrespective of the phenotype of the ecotype. The contribution of positive QTL effects for a trait by a parent with a nonfavorable phenotype for that trait has been demonstrated in tomato and related species [45] . In three connected populations of perennial ryegrass (L. perenne L.), per parent QTL analysis for plant height detected favorable alleles contributed by all parents Fig. 4 (continued) [46] . Hence, dwarf parents can contribute positive alleles for plant height as shown in wheat (Triticum aestivum L.) [47] as well as height-reducing alleles, as shown in barley (Horeium vulgare L.) [48] . Our findings also support the notion that allele contribution is not limited by the phenotype of the parent [39] . Plant height QTL detected on IXb-f, IVa-m, Va-m, and IXb-m had significant Q×E interactions (Q×E LOD score ≥2.5) ( Table 4) . Slight shifts in positions were observed in five QTL consistently detected for plant height across environments (Figs. 4, 5) . In addition to the main effect QTL, a total of 51 additive × additive epistatic QTL (excluding the main effect) were detected for plant height (LOD score ≥5.0) (Supplementary Table 2 epistatic QTL effects ranged from −7 to 7 cm plant −1 .
Digenic epistatic QTL were detected in other crops like sorghum [44] , rice [49, 50] , and wheat [51] , signifying that both additive and epistatic QTL are important for plant height. The distribution of plant height QTL in the switchgrass genome indicates that one or more regions of all the chromosomes are important. Similarly, QTL for plant height were detected on all ten chromosomes in sorghum [52] . Furthermore, QTL with possibly pleiotropic effects for both plant height and biomass yield were mapped on Va-m, VIIa-f, IXaf, IXa-m, and IXb-f (Fig. 4) [53] . Using markers to select for these QTL would simultaneously increase biomass yield and plant height.
QTL Effects and Implications for Switchgrass Breeding
Switchgrass is an outcrossing species and most of the commercial cultivars are synthetics comprising a heterogeneous mixture of heterozygous genotypes. A high level of within population genetic variation is a common feature in switchgrass which provides buffering against biotic and abiotic stresses [54] . Progress to enhance switchgrass for yield and other traits using phenotypic selection has been demonstrated empirically [5, 8, 9, 55] . The main purpose of QTL mapping is to identify markers that can be applied in marker-assisted breeding to improve genetic gains for traits of interest. The QTL for biomass yield and plant height that we identified have additive effects that are promising to expedite breeding programs and to maximize gain per selection cycle. Some QTL have possibly pleiotropic effects allowing selection for plant height as a contributing trait for biomass yield. The QTL identified could be useful to initiate rapid screening of populations in order to select superior parents for hybrid breeding, to accumulate desirable alleles in a population through marker-only selection, or to enable two or more cycles of selection to be completed within a year. This QTL The QTL name designation starts with the trait abbreviation (ph plant height), followed by the linkage group number (1 to 9), subgenome designation ("a" or "b"), parental origin of linkage group (f female and m male), last two digits of year in which phenotyping was conducted (08 to 11) and ends with location abbreviation (A Ardmore, OK; B Burneyville, OK; and W Watkinsville, GA). QTL detected with BLUP data were suffixed with "BLUP" instead of year and location LOD (A) logarithm of odds for the additive effect, LOD (Q×E) logarithm of odds for the QTL×environment effect, "-" data not available, PVE phenotypic variation explained a QTL with LOD score range 2.0 to 2.4 were included study will also assist with QTL validation in other populations and fine mapping and cloning of QTL to ultimately enhance our understanding of agronomically important traits and their optimal selection in breeding programs. Nevertheless, the QTL detected in female and male homoeologous LGs were in different arms. For instance, the plant height QTL consistently detected on IVa-m was not detected in IVa-f, except ph4a-f.08A which is mapped in the opposite arm and flanked by different set of markers than observed in IVa-m. The same is true with the biomass QTL detected in IXb-f. None of these QTL were detected in the corresponding position of LG Ixb-m. This noncorrespondence of the QTL between the female and male maps indicates that biomass and plant height QTL may be different in the female (lowland) and the male (upland) maps (ecotypes).
Conclusion
A biparental pseudo-F 1 mapping population was developed by crossing two distinct genotypes, AP13 (lowland) and VS16 (upland). The mapping population varied for both biomass yield and plant height enabling us to identify main effect and epistatic QTL controlling the traits. Both parents contributed favorable alleles to both traits, and at least some QTL effects varied across environments. To the best of our knowledge, this is the first QTL mapping report in switchgrass. We identified 11 important genomic regions controlling both traits. Markers associated with the traits in these 11 regions provide an important tool toward the development of a MAS program in switchgrass breeding.
